r e s o u r c e
Annual vaccination is one of the most effective methods for preventing influenza 1 . At present, two types of vaccines for seasonal influenza are licensed for use in the USA: trivalent inactivated influenza vaccine (TIV), given by intramuscular injection; and live attenuated influenza vaccine (LAIV), administered intranasally. These vaccines contain three strains of influenza viruses that are usually changed annually on the basis of the results of global influenza surveillance data 2 . The efficacy of a vaccine against influenza, therefore, depends on the match of antigenicity between the vaccine and circulating influenza strains 3 . Additionally, other factors such as the age and immunocompetence of vaccinees, as well as preexisting amounts of antibody derived from prior infection or vaccination, contribute to mechanisms that mediate the efficacy of vaccines against influenza 1, 2, 4 .
Systems vaccinology has emerged as an interdisciplinary field that combines systems-wide measurements plus network and predictive modeling applied to vaccinology 5 . A systems biology approach has been used to identify early gene signatures that correlate with and can be used to predict later immune responses in humans vaccinated with the live attenuated vaccine YF-17D against yellow fever 6, 7 . YF-17D is one of the most successful vaccines ever developed 8, 9 ; it stimulates polyvalent innate immune responses 10 and adaptive immune responses 11 that can persist for decades after vaccination 11 . Although systems biology approaches have been used to predict the immunogenicity of YF-17D 6, 7 , which is a live replicating virus, the extent to which such approaches can be applied to the prediction of the immunogenicity of inactivated vaccines is unknown. Furthermore, it remains unclear whether systems approaches can be used to predict the immunogenicity of recall responses. In the case of influenza, the immune response to vaccination is greatly enhanced by the past history of the vaccine recipient, both by prior infections and vaccinations. Notably, whether such approaches can provide insight into the immunological mechanisms of action of vaccines and help with the discovery of new correlates of protective immunity is untested. To address these issues, we did a series of clinical studies during the annual influenza seasons in 2007, 2008 and 2009 , in which we vaccinated healthy young adults with TIV. Our goal was to undertake a detailed characterization of the innate and adaptive responses to vaccination with TIV to identify putative early signatures that correlated with or could be used to predict later immunogenicity and to obtain new insight into the mechanisms that underlie immunogenicity.
The results of our studies demonstrate that systems biology approaches can indeed be used to predict the immunogenicity of an inactivated vaccine such as TIV with up to 90% accuracy. Notably, the expression at day 3 of one of the genes in the predictive Here we have used a systems biology approach to study innate and adaptive responses to vaccination against influenza in humans during three consecutive influenza seasons. We studied healthy adults vaccinated with trivalent inactivated influenza vaccine (TIV) or live attenuated influenza vaccine (LAIV). TIV induced higher antibody titers and more plasmablasts than LAIV did. In subjects vaccinated with TIV, early molecular signatures correlated with and could be used to accurately predict later antibody titers in two independent trials. Notably, expression of the kinase CaMKIV at day 3 was inversely correlated with later antibody titers. Vaccination of CaMKIV-deficient mice with TIV induced enhanced antigen-specific antibody titers, which demonstrated an unappreciated role for CaMKIV in the regulation of antibody responses. Thus, systems approaches can be used to predict immunogenicity and provide new mechanistic insights about vaccines. r e s o u r c e signature, encoding the kinase CaMKIV, was inversely correlated with plasma hemagglutination-inhibition (HAI) antibody titers at day 28. Vaccination of CaMKIV-deficient (Camk4 −/− ) mice with TIV induced enhanced antigen-specific antibody titers, which demonstrated an unappreciated role for CaMKIV in the regulation of antibody responses. Together our results demonstrate the utility of systems biology not only in the prediction of vaccine immunogenicity but also in offering new insight into the molecular mechanism of influenza vaccines.
RESULTS

Antibody responses induced by TIV and LAIV
We evaluated the antibody responses of 56 healthy young adults vaccinated with either LAIV (n = 28) or TIV (n = 28) during the 2008 influenza season. We determined HAI titers for each of the three influenza strains in LAIV and TIV in the plasma of vaccinees at baseline (day 0) and at 28 d after vaccination. We calculated the magnitude of antibody responses to the vaccine (HAI response) as the maximum difference between the HAI titer at day 28 and the baseline titer (day 0) for any of the three influenza strains contained in the vaccine (Fig. 1a) . The mean HAI response of subjects vaccinated with TIV was sixfold higher than that of those vaccinated with LAIV ( Fig. 1a) , consistent with many published reports 1, 12, 13 . Furthermore, among the subjects vaccinated with TIV, there was considerable variation in the magnitude of the HAI response (>100-fold; Fig. 1a ). According to the US Food and Drug Administration Guidance for Industry document for this field 14 , seroconversion can be defined by an HAI titer of 1:40 or more and a minimum fourfold increase in antibody titer after vaccination. Thus, we operationally classified the vaccinees as 'low HAI responders' or 'high HAI responders' based on whether or not a fourfold increase occurred after vaccination ( Fig. 1a) . Most of the subjects vaccinated with TIV (22 of 28) were classified as high HAI responders; only six were classified as low HAI responders. In contrast, most subjects vaccinated with LAIV (24 of 28) were classified as low HAI responders and only four were classified as high HAI responders ( Fig. 1a) .
Antibodies are produced by antibody-secreting B cells in the blood (plasmablasts) or bone marrow and secondary lymphoid organs (fully differentiated plasma cells). High frequencies of antigen-specific plasmablasts in the blood within a few days of vaccination, reaching a peak at day 7, have been documented 15 . To determine whether the early plasmablast response to influenza vaccination correlated with the later HAI response, we assessed the frequency of influenza-specific plasmablasts at baseline and 7 d after vaccination (Fig. 1b,c) . As reported before 15 , we observed rapid clonal expansion of influenzaspecific plasmablasts 7 d after vaccination with TIV, as measured by enzyme-linked immunospot (ELISPOT) assay ( Fig. 1b) and by flow cytometry (Fig. 1c) . We further found that the population expansion of circulating plasmablasts secreting immunoglobulin G (IgG) was also greater in subjects vaccinated with TIV than in those vaccinated with LAIV ( Fig. 1b,c) . We obtained similar results for IgA-secreting plasmablasts at day 7 after vaccination ( Supplementary Fig. 1a) , and a very good correlation was evident between the frequency of plasmablasts as measured by ELISPOT and their frequency as measured by flow cytometry ( Fig. 1d and Supplementary Fig. 1b) .
As we detected a very low HAI response after vaccination with LAIV, we considered only subjects vaccinated with TIV in further correlation analyses. There was a modest positive correlation between the number of IgG-secreting plasmablasts at day 7 and the HAI response at day 28 after vaccination ( Fig. 1e) . Because the frequency of plasmablasts returns to a barely detectable amount by day 14 after vaccination 15 , this correlation suggested that the later antibody response was associated with early circulation of plasmablasts in the blood of vaccinees 3 . However, given the modest correlation (r = 0.43), there was clearly a need for more robust correlates of immunogenicity. Figure 1 Analysis of humoral immunity to influenza vaccination. (a) HAI titers in plasma on day 28 after vaccination with TIV or LAIV, relative to baseline (day 0); results are the highest HAI response among all three influenza strains in the vaccine: low responders, no increase above twofold; high responders, fourfold or more above baseline. P < 0.0001, mean HAI response, TIV versus LAIV (t-test). (b) ELISPOT assay of influenza-specific IgG-secreting plasmablasts among PBMCs from all vaccinees at 0 and 7 d after vaccination. Each symbol represents an individual donor; small horizontal lines indicate the median (numbers adjacent median values); dotted lines are the limit of detection. (c) Flow cytometry analysis of plasmablasts in the plasmablast gate (CD3 − CD20 lo−neg CD19 + CD27 hi CD38 hi ) in blood from subjects vaccinated with TIV or LAIV. Numbers adjacent to outlined areas indicate percent cells in the plasmablast gate. (d) Frequency of plasmablasts, assessed by flow cytometry, versus the number of influenza-specific IgG-secreting plasmablasts, assessed by ELISPOT, at day 7 after vaccination with TIV (blue) or LAIV (black). r = 0.58 (Pearson); P < 0.0001 (for Pearson correlation; two-tailed test). (e) Influenza-specific IgG-secreting plasmablasts at day 7 versus the antibody response at day 28 after vaccination with TIV. r = 0.43 (Pearson); P = 0.02 (for Pearson correlation; two-tailed test). Data are from one experiment with 56 subjects assayed in duplicate (a), 61 subjects assayed in duplicate (b) or 59 subjects assayed once (c) or were generated from data in a-c (d,e). r e s o u r c e
Molecular signatures of influenza vaccines
We first determined whether TIV and LAIV induced molecular signatures that were detectable in the blood. To identify such signatures of immunogenicity, we first measured by multiplex assay the concentrations of key cytokines in the plasma of vaccinees on days 0, 3 and 7 after vaccination ( Supplementary Fig. 2a ). We selected ten cytokines or chemokines on the basis of their importance as key mediators of host immune responses (CCL5 (RANTES), interleukin 1α, interferon-α2 (IFN-α2), CCL3 (MIP-1α), CCL11 (eotaxin), interleukin 12 subunit p70, IFN-γ, interleukin 1β, CXCL10 (IP-10) and CCL2 (MCP-1)). Among those, only the chemokine CXCL10 (IP-10) was significantly induced by TIV on day 3 relative to its expression on day 0 (P = 0.0189 (t-test); Supplementary  Fig. 2b ). None of those cytokines were significantly induced or repressed by vaccination with LAIV. The concentration of CXCL10 (IP-10) at day 3 relative to its baseline concentration was negatively correlated to the HAI response at day 28 after vaccination ( Supplementary Fig. 2c ), which suggested possible involvement of CXCL10 (IP-10) in the antibody response. However, the correlation coefficient was modest (r = −0.48), which again emphasized the need for more robust correlates of immunogenicity.
To determine in an unbiased way the expression changes induced by vaccination against influenza on a genome-wide scale, we did microarray analysis using peripheral blood mononuclear cells (PBMCs) collected from all 56 vaccinees on days 0, 3 and 7 after vaccination. We calculated the change in expression by subtracting the log 2 expression value at day 0 from its corresponding value day 3 or 7, and we filtered out genes if we observed no increase or decrease greater than 25% (1.25-fold) in at least 20% of the vaccinees. After that step, we applied three independent statistical tests to the remaining genes and considered only genes identified by all three analyses as being differently expressed.
Transcriptome analysis of vaccinees showed that LAIV and TIV induced very different gene signatures ( Supplementary Fig. 3a) . However, the expression of 1,445 probe sets was altered similarly by both vaccines (Supplementary Fig. 3a ). Among these common 'differentially expressed genes' (DEGs), ingenuity pathway analysis identified a network composed of several genes related to inflammatory and antimicrobial responses ( Supplementary Fig. 3b ; complete list of DEGs after vaccination with TIV or LAIV, Supplementary Table 1 ). This indicated that processes related to innate immunity may have influenced the immunogenicity of each vaccine. The expression of several interferon-related genes was altered after vaccination with LAIV but not after vaccination with TIV ( Fig. 2) . Type 1 interferons are central components of the innate immune response to virus 16 . Therefore, the higher expression of type I interferon-related genes may be attributed to the replication competence of LAIV. Our analysis identified genes encoding molecules closely associated with the interferon signaling pathways, such as STAT1, STAT2, TLR7, IRF3 and IRF7 ( Fig. 2a) . Notably, the difference in expression for many interferon-related genes was greatest at day 3 after immunization with LAIV ( Fig. 2a) .
We also compared the gene signatures of the two influenza vaccines with that of another live attenuated vaccine, the YF-17D vaccine against yellow fever 6 . For consistency with that publication 6 , we applied the same stringency and criteria to identify genes with differences in r e s o u r c e expression in subjects vaccinated with YF-17D, as follows: we filtered out genes if we found no increase or decrease in expression (on day 3 or 7 relative to baseline) greater than 1.41-fold in at least 60% of the vaccinees; we used one-way analysis of variance with the Benjamini and Hochberg false-discovery-rate method with a cutoff of 0.05; and genes had to have a difference in expression in both YF-17D trials 6 . However, this time we did the analysis at the level of the probe set instead of defining genes based on the UniGene database (National Center for Biotechnology Information). Although subjects vaccinated with YF-17D had a gene-expression profile distinct from that of those vaccinated against influenza, many interferon-related genes were commonly induced by YF-17D and LAIV (data not shown). RT-PCR analysis of RNA from PBMCs stimulated in vitro with LAIV, TIV or YF-17D confirmed that interferon-related genes were upregulated 24 h after treatment with LAIV or YF-17D but not after stimulation with TIV ( Fig. 2b) . Together these data demonstrated that vaccination with TIV or LAIV induced distinct molecular signatures in the blood.
Molecular signatures of sorted cell subsets
We did microarray analyses of the gene-expression profiles of PBMCs isolated from the blood of vaccinees at baseline and at days 3 and 7 after vaccination. One confounding variable here was that the observed transcriptional changes may have resulted from new induction of gene expression or may have simply reflected the changing cellular composition of the PBMC compartment. To overcome this issue, we used the approach of isolating and identifying the genomic signatures of each subset in the PBMC pool. We did microarray experiments with the following four different cell types, obtained from subjects vaccinated with LAIV (n = 6) or TIV (n = 6) and sorted by flow cytometry: CD19 + B cells, CD14 + monocytes, CD11c hi CD123 lo myeloid dendritic cells (DCs) and CD123 hi CD11c lo plasmacytoid DCs. We extracted, amplified and labeled total RNA from 96 sorted cell samples at baseline and day 7 and hybridized the RNA on microarray chips ( Supplementary Fig. 4a ).
We did significance analysis of microarrays 17 for each subset, separately comparing the values at day 7 with the corresponding baseline values. This approach identified hundreds to thousands of probe sets with differences in expression after vaccination with TIV or LAIV ( Supplementary Fig. 4b and Supplementary Table 2 ), which demonstrated that vaccines against influenza produced global expression changes for each cell type.
In subjects vaccinated with TIV, myeloid DCs and B cells had the most DEGs (Supplementary Fig. 4b ). Notably, there was an enrichment for DEGs associated with plasmablasts ( Supplementary Fig. 4c ). However, because a substantial proportion of plasmablasts die after being frozen and thawed (data not shown), the DEGs observed in the B cell compartment were probably an underestimation of the DEGs associated with plasmablasts ( Fig. 3) . Nevertheless, we were still able to identify DEGs related to antibody-secreting cells (ASCs) and the unfolded protein response in sorted B cells after immunization with TIV ( Supplementary Fig. 4c,d) . To cope with the large amount of immunoglobulin proteins that are produced, ASCs must greatly increase the function of their secretion machinery, which may lead to the accumulation of misfolded proteins in the endoplasmic reticulum 18, 19 . In response to such stress, the cells activate intracellular signal-transduction pathways and the unfolded protein response, which protects the cells by enhancing the capacity of the secretory apparatus and by diminishing the endoplasmic reticulum load 20 . After vaccination with TIV, upregulation of genes encoding two transcription factors, XBP-1 and ATF6B, which are central orchestrators of the unfolded protein response, was detectable in sorted B cells but not in PBMCs (Supplementary Fig. 4d) .
In subjects vaccinated with LAIV, in contrast to results obtained with those vaccinated with TIV, the plasmacytoid DC subset generated the most DEGs (Supplementary Fig. 4b ). Of the many interferon-related genes induced by LAIV ( Fig. 2a) , we found that 37 were induced in at least one subset of the sorted cells. Of those, 17 and 14 were upregulated in monocytes and plasmacytoid DCs, respectively ( Supplementary Fig. 4e ). In addition, there were 44 interferon-related genes that were induced or repressed in at least one subset of the sorted cells but not in the PBMCs ( Supplementary  Fig. 4e ). Most were upregulated in myeloid and plasmacytoid DCs (Supplementary Fig. 4e ). These data suggest that antigen-presenting cells may be important in the innate response to vaccination with LAIV. The large number of interferon-related genes 'missing' from the PBMC analysis may have been due to the fact that myeloid DCs and plasmacytoid DCs together represent <1% of total PBMCs 21 .
The observations reported here indicated the type of information that can be obtained by examination of the gene-expression profiles SLC7A7  CAV1  CLPTM1  ECE1  IGHD  APOBEC3B  abParts  SEL1L3  IGJ  abParts  IGHE  214836_x_at  MGC29506  TXNDC5  TPD52  TPD52  TPD52  IGH@  IGHG3  abParts  TNFRSF17  DMAP1  DTNB  IGHE  IG  LOC388248  IGHG1 r e s o u r c e of sorted cell types. However, evaluating the gene-expression signatures of individual subsets of cells isolated by flow cytometry presents a considerable challenge. The practical use of such an approach is very limited, both logistically (that is, the need to use freshly isolated samples to prevent the 'preferential' loss of certain cell types, such as plasmablasts and effector T cells) and financially (that is, the need for large numbers of gene chips). Therefore, as described below, we devised an alternative strategy.
Meta-analysis of cell type-specific signatures Human PBMCs consist of many different cell types, each with a distinct transcriptome. A published study has demonstrated the use of a deconvolution method to analyze cell type-specific gene expression differences in complex tissues 22 . We devised an independent strategy to discern cell type-specific transcriptional signatures with the results of the PBMC microarray analyses. We did a meta-analysis of publicly available microarray studies in which the gene-expression profiles of isolated individual cell types of PBMCs (such as T cells, B cells, monocytes, natural killer cells and so on) or B cell subsets (such as naive, memory and germinal center B cells and ASCs from blood or tonsils) had been analyzed ( Supplementary Fig. 5a,b) . To avoid issues of cross-platform normalization and probe selection, we used only samples hybridized to Affymetrix Human Genome U133 Plus 2.0 Arrays or Affymetrix Human Genome U133A Arrays in our meta-analysis. Additionally, for each study, we manually removed samples based on the severity of the disease or treatment and/or the method of cell purification (samples and studies, Supplementary  Table 3 ). We included in our meta-analysis microarray data of flow cytometry-sorted plasmacytoid and myeloid DCs obtained from PBMCs of subjects before and after vaccination with TIV or LAIV (Supplementary Fig. 4a) . We compared the expression profile of a given cell subset with the expression profile of all other subsets by t-test (P < 0.05; mean change, over twofold). We designated a gene as having high expression in a particular cell type by determining the number of times the gene was upregulated in the cell type by all possible pairwise comparisons with its expression in other cell types ( Supplementary Fig. 5b and Supplementary Methods) . We then compared the genomic signatures of cells of the immune response obtained by this approach (Fig. 3a and Supplementary Table 4 ) with the genomic signatures of subjects vaccinated against influenza.
Our meta-analysis confirmed that the group of genes upregulated by TIV was enriched for genes with high expression in B cells ( Fig. 3b ) and, among those, genes with high expression in ASCs (Fig. 3c) . We prepared a heat map of the genes upregulated in ASCs after vaccination with TIV ( Fig. 3d) . Among the genes upregulated were those encoding 'antibody parts' (rearranged variable-diversity-joining immunoglobulin gene segments) and several other genes encoding parts of immunoglobulins (IGH@, IGHE, IGHG3, IGHG1 and IGHD), as well as TNFRSF17 (which encodes BCMA, a member of the BAFF-BLyS family of receptors 23 , and whose expression has been shown before to be a key feature of the best predictive signatures of neutralizing antibody responses to YF-17D 6 ). These results confirmed the results obtained by flow cytometry and ELISPOT, with which we observed a greater frequency of IgG + and IgA + ASCs in the blood of vaccinees at day 7 after vaccination with TIV ( Fig. 1 and  Supplementary Fig. 1) .
In addition to the ASC signature, we observed a signature composed of several genes encoding molecules that orchestrate the unfolded protein response 19, 20 (data not shown). The large number of XBP-1 target genes with differences in expression after vaccination was consistent with a role for XBP-1 in orchestrating the differentiation of plasma cells 19 . Among those, genes such as ATF6, MANF, CREB3, PDIA4, DNAJB11, HSP90B1, HERPUD1 and DNAJB9 encode molecules are already known to be involved in the unfolded protein response [24] [25] [26] .
In contrast to results obtained for TIV, analysis of the transcriptional signature induced by LAIV by meta-analysis showed considerable enrichment for genes with high expression in T cells and monocytes (Fig. 3e ). We also found many genes with high expression in natural killer cells, although these results did not reach statistical significance (data not shown). Among the interferon-related genes upregulated after vaccination with LAIV ( Fig. 2a) , most had high expression in monocytes and natural killer cells (data not shown). That result was similar to our microarray analysis of flow cytometrysorted cells obtained from subjects vaccinated with LAIV, in which most interferon-related genes with differences in expression in PBMCs and at least one cell subset had high expression in monocytes (Supplementary Fig. 4e) . These results indicate that the innate immune responses can have an important role in the mechanism of action of this live attenuated virus vaccine.
Signatures that correlate with the antibody response Vaccination with TIV induced considerable variation in the magnitude of the HAI response ( Fig. 1a) . To gain insight into the potential mechanisms underlying that variation and to identify gene signatures with which we could predict the magnitude of the HAI response, we searched for early gene signatures that correlated with the B cell responses at days 7 and 28 after vaccination with TIV (complete list, Supplementary Table 5 ). Pearson correlation analysis identified 600-1,100 probe sets that correlated, either directly or inversely, with the magnitude of the HAI response (Fig. 4a) . Among those were several genes known to be regulated by XBP-1 and to be involved in the differentiation of plasma cells and the unfolded protein response (Fig. 4b) .
Ingenuity pathway analysis of the genes that were either positively or negatively correlated with HAI titers showed enrichment for genes related to the cell-mediated immune response and to the infection mechanism and inflammatory response, respectively ( Supplementary  Fig. 6a,b) . The identification of genes such as TLR5, CASP1, PYCARD, NOD2 and NAIP suggested previously unknown mechanistic links between host innate immunity and humoral responses to influenza vaccination. In fact, research has shown that a candidate vaccine against influenza composed of a recombinant fusion protein linking influenza antigens to the Toll-like receptor 5 ligand flagellin may induce potent immunogenicity in mice 27 and humans 28, 29 . In addition, canonical pathways, such as T cell receptor antigen receptor signaling and CTLA-4 signaling in cytotoxic T lymphocytes, included many of the genes present in the cell-mediated immune response network and were among those with the highest enrichment score by ingenuity pathway analysis ( Supplementary Fig. 7a,b) . Although further experimentation is needed, these data indicated a possible association between cellular responses and humoral responses to vaccination with TIV 30 . Among the top canonical pathways enriched for genes positively correlated to HAI response (Supplementary Fig. 7c) , we found networks associated with innate immunity, such as the natural killer cell signaling network, and network for the production of nitric oxide and reactive oxygen species in macrophages ( Supplementary  Fig. 7d ). Our analysis also showed that the expression of interferonrelated genes (including those encoding the receptors for interferon-α and interferon-γ) on day 3 after vaccination was correlated to the HAI response ( Supplementary Fig. 8) , which suggested a link between the interferon response and the antibody response 31 .
r e s o u r c e
Next we compared the genes whose expression correlated with the HAI response at day 28 after vaccination of subjects with TIV with the genomic signatures of the cells of the immune response defined by our metaanalysis. This approach showed that the set of genes positively correlated to HAI response was enriched for genes with high expression in B cells ( Fig. 4c) and, more specifically, in the ASC subset (Fig. 4d) . The genes with negative correlation to the HAI response were substantially enriched among the genes with high expression in T cells (Fig. 4c) , which supported the identification of the T cell pathways by ingenuity pathway analysis ( Supplementary Fig. 7a,b ). Together these data demonstrated the identification of early signatures that correlated with later HAI titers induced by TIV.
Molecular signatures to predict antibody responses
Once we had delineated signatures that correlated with the magnitude of HAI response, our next step was to identify the minimum sets of genes we could use to predict such a response. Ideally, such sets of genes must be able to be used to accurately classify high responders versus low responders in additional and independent TIV trials. For this, we used DAMIP (discriminant analysis via mixed integer programming 32, 33 ), which is a very powerful supervised-learning classification method for predicting various biomedical and 'biobehavioral' phenomena 32, 33 .
In initial analyses, we classified the subjects vaccinated with TIV into two 'extreme' groups: very low HAI responders, and very high HAI responders. The former group consisted of subjects with an increase of twofold or less in HAI titers against any of the three influenza strains of the vaccine (Fig. 1a) . The latter group consisted of subjects with an increase of eightfold or more in the HAI response for at least one of the three influenza strains of the vaccine. We did not analyze subjects with intermediate HAI response (between twofold and eightfold) and subjects for whom microarray data were not available at either day 3 or day 7 after vaccination (n = 7). We used that trial (the 2008-2009 trial) to train the DAMIP model to establish an unbiased estimate of correct classification. We used a second, independent trial to evaluate the predictive accuracy of the classification rules identified in the first trial (Fig. 5a) . The second trial (the 2007-2008 trial) consisted of the microarray gene-expression profiles of subjects (n = 9) vaccinated with TIV in the previous year. With this approach, DAMIP model identified 12 sets of genes containing two to four genes each (each set associates with one predictive rule) from 2008-2009 trial with a tenfold cross-validation accuracy over 90%. The resulting 'blind prediction' accuracy of the 2007-2008 trial (predicting low or high responders) was over 90%. Furthermore, some of the 271 sets of discriminatory genes offered an accuracy of over 90% in both tenfold cross-validation in the training trial and 'blind prediction' accuracy ( Fig. 5a and Supplementary Table 6) .
We then used real-time RT-PCR to confirm that 44 genes from the DAMIP gene signatures encoded molecules with potential biological relevance and/or utility as a predictor of influenza Figure 4 Molecular signatures that correlate with titers of antibody to TIV. (a) Heat map of probe sets (rows) and subjects (columns) whose baseline-normalized expression at day 3 (top) or day 7 (bottom) correlated with baseline-normalized antibody response at day 28 after vaccination with TIV (colors in map indicate gene expression at day 3 or 7 relative to expression at day 0). Right margin, number of probe sets with negative correlation (blue) or positive correlation (red). Probe sets that correlated with the HAI response on both day 3 and day 7 were considered 'day 7'. P < 0.05 (Pearson). (b) HAI response-correlated genes associated with the unfolded protein response (purple shading) or ASC differentiation (tan shading) and/or regulated by XBP-1 (solid and dashed lines as in Fig. 2a) . P < 0.05 (Pearson). (c) Enrichment for genes (among those with high expression in any PBMC subset) whose expression on day 3 or 7 after vaccination with TIV was positively or negatively correlated with HAI titers (cutoff, P < 0.05 (Pearson)). *P < 10 −10 (two-tailed Fisher's exact test). (d) Heat map of probe sets with high expression in B cells and ASCs whose baseline-normalized expression correlated with the baselinenormalized HAI response. P < 0.05 (Pearson). Data are representative of one experiment with 28 subjects. r e s o u r c e vaccine immunogenicity. We found a significant positive correlation (r = 0.679; P = 3.25 × 10 −12 ) for changes in expression on day 3 or 7 relative to baseline expression as detected by microarray and RT-PCR ( Fig. 5b and Supplementary Table 7) , which confirmed the correctness of the microarray data. More notably, that result gave us confidence to test some of the candidate predictors of immunogenicity in a third and independent influenza vaccine trial (Fig. 5a) . We collected RNA from PBMCs of subjects (n = 30) vaccinated with TIV during the 2009-2010 influenza season and analyzed this RNA by real-time RT-PCR. We then used the expression of the 44 genes selected from the initial DAMIP gene signatures to confirm their utility in predicting the magnitude of antibody response in this third TIV trial (Fig. 5a) . To avoid the identification of 'over-trained' rules, we re-ran the DAMIP analysis using the 2008-2009 trial as the training set and the 2007-2008 and 2009-2010 trials as the blind predictive sets. This approach identified 47 sets of genes; some of these we used to correctly classify >85% of the vaccines as being very low HAI responders or very high HAI responders in any of the three trials ( Supplementary Table 8 ).
Because seroconversion after vaccination is widely defined as a fourfold increase in HAI titers 34 , we ran an additional DAMIP analysis using a cutoff of fourfold to classify the vaccinees (Fig. 5a) . Thus, we classified subjects with an increase of fourfold or greater in the HAI titers after vaccination as 'high responders' and those with an increase of twofold or less as 'low responders' . With the 2008-2009 trial as a training set and 2007-2008 and 2009-2010 trials as blind predictive sets, the DAMIP model generated 42 sets of gene signatures ( Fig. 5c) , each composed of three to four discriminatory genes, some of which had an unbiased estimate of correct classification above 85%, as determined by tenfold cross-validation and blind prediction (Supplementary Table 9) . One of the genes present in the DAMIP gene signatures, TNFRSF17, was also identified in DAMIP models used to predict antibody responses to vaccination with YF-17D 6 .
Among the genes in the TIV DAMIP models, we found five members of the leukocyte immunoglobulin-like receptor family ( Supplementary Table 9 ). These genes are expressed by immuneresponse cells of both myeloid and lymphoid lineages and the molecules they encode are thought to have an immunomodulatory role in the innate and adaptive immune systems by regulating T cells and autoimmunity [35] [36] [37] . Our meta-analysis showed that these genes had high expression in monocytes and myeloid DCs at day 3 after vaccination (data not shown). These results and the presence of five members of this family among markers of antibody responses to influenza vaccination raised the possibility of previously unknown roles for these innate immune receptors in regulating antibody responses.
CaMKIV regulates the antibody response
To demonstrate that the gene signatures identified in our study could be used to generate new hypotheses, we selected one gene in the predictive signature, CAMK4, for functional confirmation experiments. CaMKIV is involved in several processes of the immune system, such as T cell development [38] [39] [40] , inflammatory responses 41, 42 and the maintenance of hematopoietic stem cells 43 . However, nothing is known about the possible role of CaMKIV in B cell responses.
The change in CAMK4 expression on day 3 after vaccination with TIV was negatively correlated with the antibody response on day 28 after vaccination in two independent trials (Fig. 6a) . Additionally, the change in CAMK4 expression was negatively correlated with the population expansion of IgG-secreting plasmablasts at day 7 (Fig. 6b) , which suggested a possible role for CaMKIV in the regulation of antibody responses to vaccination against influenza.
In vitro stimulation of mouse splenocytes with TIV resulted in phosphorylation of CaMKIV (Fig. 6c) , which suggested that this vaccine may trigger activation of CaMKIV. That finding was further demonstrated in human PBMCs, in which in vitro stimulation with influenza vaccine resulted in phosphorylation of CaMKIV as early as 2 h after stimulation (Fig. 6d) . The mechanism by which this occurs remains to be identified.
To check if CaMKIV regulates the antibody response to influenza vaccine, we immunized wild-type and Camk4 −/− mice with TIV and measured serum concentrations of IgG1 and IgG2c on days 7, 14 and 28 after vaccination (Fig. 6e) . After immunization, Camk4 −/− mice had a significantly greater antibody response than that of wild-type mice (Fig. 6e) . The biggest difference was on day 7, with 3-to 6.5-fold higher antibody titers in Camk4 −/− mice than in wild-type mice (Fig. 6e) . These results supported our prediction based on the microarray results and suggested that CaMKIV is important in the regulation of B cell response. 
DISCUSSION
Despite the great success of vaccines, little is understood about the mechanisms by which effective vaccines stimulate protective immune responses. Two developments are beginning to offer such understanding: increasing appreciation of the key roles of the innate immune system in sensing vaccines and tuning immune responses, and emerging advances in systems biology 44 . A systems biology approach has been used to obtain a global picture of the immune responses in humans to vaccine YF-17D against yellow fever, one of the most successful vaccines ever developed. This approach has identified unique biomarkers (molecular signatures) used to predict the magnitude of the antigen-specific CD8 + T cell and antibody responses induced by YF-17D 6, 7 and has resulted in the formulation of new hypotheses about the mechanism of action of this vaccine. However, whether such an approach could have broad utility in the identification of signatures of immunogenicity of other kinds of vaccines, particularly inactivated vaccines, and whether such signatures would be informative about the underlying mechanisms of immunity remain unknown. To address these issues, we did a series of studies over three consecutive influenza seasons. The goal of these studies was to analyze in detail the innate and adaptive immune responses to vaccination with two vaccines against influenza, TIV and LAIV, to identify early molecular signatures that can be used to predict later immune responses and to obtain insight into the mechanisms that underlie immunogenicity. According to guidelines established by the US Food and Drug Administration 14 , seroconversion can be defined as an HAI titer of 1:40 or more and a minimum increase of fourfold in antibody titer after vaccination. However, it often takes several weeks after vaccination to achieve this titer; therefore, the ability to predict seroconversion just a few days after vaccination and identify nonresponders would be of great value from a public health perspective. We thus used systems biology approaches to identify early signatures that we used to predict HAI titers 4 weeks after vaccination. To accomplish this goal, we used an interdisciplinary approach, including gene-expression profiling by microarray, RT-PCR and computational methods, combined with cellular and molecular biological approaches, as well as experiments involving genetically deficient mice. Our data have demonstrated that such a systems biology approach can indeed be used not only to identify predictive signatures but also to obtain new insights about the immunological mechanisms involved.
Although the clinical effectiveness of both vaccines is similar, LAIV induces lower serum antibody response in adults than does TIV 1, 3, 45 . This probably reflects the lower 'take' of LAIV because of preexisting mucosal IgA that can neutralize the virus 13 . Nevertheless, our microarray analysis identified a large number of genes with differences in expression, most related to the type I interferon response, in the PBMCs of subjects vaccinated with LAIV. Future studies should focus on analyzing changes in the transcriptome of the nasal mucosa after vaccination with LAIV and how that correlates with or can be used to predict local antibody responses.
Among the genes induced by vaccination with TIV, we found enrichment for genes with high expression in ASCs. This result may have reflected the rapid proliferation of plasmablasts at day 7 after vaccination 15 ; however, our microarray analysis of B cells sorted from subjects vaccinated against influenza indicated that the changes in expression observed in PBMCs could also have been derived from real transcriptional changes in B cells. The transcription factor XBP-1, which is essential for the differentiation of ASCs and the unfolded protein response 18 , and its target genes were upregulated after vaccination with TIV and correlated with IgG and HAI responses. The genes identified by our study may offer new opportunities for studying the complex mechanisms involved in the unfolded protein response and its link to ASC differentiation 18 .
A key question was whether the signatures that can be used to predict the T cell and B cell response to one vaccine can also be used to predict such responses to another vaccine. Notably, of the 133 genes present in the 271 DAMIP gene signatures that we used to predict the antibody response to vaccination with TIV, 7 were also predictors of the antibody response to vaccination with the YF-17D vaccine against yellow fever 6 . Key genes in the predictive signatures were TNFRSF17, which encodes BCMA, a receptor for the B cell growth factor BLyS (known to have a key role in B cell differentiation 23 ), and CD38, which encodes a surface protein important in lymphocyte development 46, 47 . BCMA belongs to a family of molecules (BAFF, APRIL, BAFF-R and TACI) that regulate the differentiation of plasma cells and antibody r e s o u r c e production 23 . Notably, there were strong correlations between the expression of genes encoding APRIL, BAFF-R and TACI and the magnitude of the HAI titers in response to vaccines against influenza and the magnitude of neutralizing antibody response to YF-17D (data not shown), which suggested that this network may be critically involved in regulating antibody responses to different vaccines. The functional relevance of this network in mouse models remains to be determined. It also remains to be seen whether this network represents a common predictor of antibody responses induced by many vaccines.
A second issue was whether the data generated from such studies would be useful in providing new biological insights into the regulatory mechanisms that underlie vaccine immunogenicity. Our experiments with Camk4 −/− mice demonstrated that such data can indeed identify unexpected biological targets, which can be mechanistically confirmed by mouse models. Although the data demonstrated a potent role for CaMK4 in regulating antibody responses to vaccines against influenza, further work is needed to delineate the cellular mechanisms involved.
Third, whether signatures that can be used to predict immunogenicity can also be used to predict efficacy must be considered. Several studies have shown that serum HAI antibody concentrations correlate with protection against influenza [48] [49] [50] . Seroconversion after vaccination, commonly defined as an increase of fourfold in HAI titers 34 , represents a useful surrogate for vaccine efficacy when applied to a population. However, this parameter may not provide the optimal prediction of protection in an individual vaccinee or a group of vaccinees. In addition, protective concentrations of antibody may vary according to the prevalent virus subtype and laboratory doing the assay 51 . Therefore, we used a more stringent parameter (an increase of eightfold or more in HAI response) to classify subjects with very high antibody responses. Using this cutoff in our analyses, the DAMIP method was able to identify gene signatures that we could use to predict the antibody response induced by vaccination with TIV. We confirmed the validity of these gene signatures in three independent trials, which demonstrated the robustness of our approach. To meet the definition of seroconversion in the US Food and Drug Administration Guidance for Industry document for this field (an HAI titer of 1:40 or more and a minimum increase of fourfold in antibody titer after vaccination) 14 , we re-ran the DAMIP analysis using an increase of fourfold as a cutoff for defining high HAI responders. Again, the DAMIP method was able to identify sets of three to four discriminatory genes with an unbiased estimate of correct classification up to 90% for the three influenza trials. However, the generality of our findings in terms of using gene signatures in PBMCs to predict the immunogenicity and/or efficacy of other vaccines such as mucosal vaccines must be tested. It is likely that different signatures could be generated by analysis of mucosal tissues.
Finally, although the main goal of our study was a proof-of-concept demonstration of the feasibility of this approach in predicting vaccine immunogenicity, (rather than a demonstration of cost effectiveness), in ascertaining the predictive value of our signature in the 2009-2010 trial, we used a PCR-based assay (instead of an assay with gene-expression chips) of only a handful of genes. This demonstrated the feasibility of designing a cost-effective, PCR-based 'vaccine chip' that can be used to predict the immunogenicity of vaccines. Thus, we have shown how systems biology approaches can be applied to elucidate the molecular mechanisms of influenza vaccines. We envision that the predictive signatures of influenza vaccine-induced antibody responses may have implications in vaccine development, in the monitoring of suboptimal immune responses (in the elderly, infants or immunocompromised populations) or perhaps in identifying new correlates of protection.
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